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Abstract—This paper addresses the problem of infants’ cry
fundamental frequency estimation. The fundamental frequency
is estimated using a modified simple inverse filtering tracking
(SIFT) algorithm. The performance of the modified SIFT is
studied using a real database of infants’ cry. It is shown
that the algorithm is capable of overcoming the problem of
under-estimation and over-estimation of the cry fundamental
frequency, with an estimation accuracy of 6.15% and 3.75%, for
hyperphonated and phonated cry segments, respectively. Some
typical examples of the fundamental frequency contour in typical
cases of pathological and healthy cry signals are presented and
discussed.
Index Terms—Cepstrum, Infants’ Cry, Fundamental fre-
quency, Modified SIFT.
I. INTRODUCTION
The fundamental frequency, often referred to as the pitch
(which is actually the subjective perceptual estimation of the
fundamental frequency by one’s brain), is one of the most
important features used to discriminate between various types
of infants’ cries [1], [2]. The fundamental frequency has
been found to be a discriminative feature in severe medical
problems such as SIDS [2], hypo/hyperglycemia [3], brain
damage [1], cleft palate [4], hydrocephalus [5], cri-du-chat
syndrome [6] and many others [1]. Moreover, the fundamental
frequency has been found to be directly correlated with
diseases related to brain function at the early stages of child
development [1]. Consequently, accurate measurement of the
fundamental frequency and the variation of the fundamental
frequency along time is most important in order to obtain
reliable deduction of information on the state of health of
newborn babies.
Several studies have addressed the problem of cry funda-
mental frequency estimation (e.g. [7]–[11]). Fort and Manfredi
[7] proposed a method termed adaptive cepstrum which is
based mainly on cepstral analysis with an optimal choice of the
lifter length on each time-window in order to increase the fre-
quency resolution. Escobedo et. al. [9] used linear prediction
(LP) analysis to estimate the fundamental frequency. Fort and
Manfredi [7], as well as Mende [8], discussed some problems
and pitfalls encountered when estimating fundamental fre-
quency of cry signals. Parametric and non-parametric methods
used to estimate the fundamental frequency and formants of
newborn were analyzed and compared. These studies revealed
the problem of identifying sub-harmonics of the fundamental
frequency, in particular in hyperphonated cry segments.
The vocal tract of newborn babies is associated with higher
resonances and fundamental frequency than those of the adult.
Infants’ cry is mainly voiced and can be classified into
phonated cry (a fundamental frequency of 250-700Hz) and
hyperphonated cry (a fundamental frequency of 700Hz and
above). In case of phonated cry segments, estimating the
fundamental frequency is not significantly different than in
the case of adults’ speech. However, in case of hyperphonated
cry segments, due to widening of the harmonic structure,
separation of the excitation spectral contribution from that
of the vocal tract might be very difficult. As a consequence,
the use of cepstrum coefficients might fail to de-convolve the
excitation source and the vocal tract. In order to illustrate this
problem, fig. 1 shows the cepstrum coefficients for some typ-
ical phonated and hyperphonated cry segments. The visually-
estimated fundamental frequencies of the segments are around
380Hz, 1250Hz and 2000Hz, respectively.
Fig. 1. Cepstrum series for some typical cry segments. Left- phonated
cry with F0 =380Hz; Middle- hyperphonated cry with F0 =1250Hz;
Right- hyperphonated cry with F0 =2000Hz (the arrows represent the ’true’
fundamental frequency location estimated visually based on the time domain).
In the phonated case, one can easily separate between the
spectral contribution of the vocal tract and that of the excitation
source. Hence, using a high pass lifter, one can easily estimate
the fundamental frequency from the cepstrum as approxi-
2mately 2.6msec, which corresponds to the visually-estimated
frequency which is 380Hz. In both of the hyperphonated cases
presented in fig. 1, widening of the harmonic structure is
clearly seen. In these cases, it is very difficult to isolate the
spectral contribution of the vocal tract and to estimate the
fundamental frequency based on the cepstrum. Therefore, the
cepstrum coefficients might not be the best choice to form
the features space for cry representation, particularly when
classification of different cry patterns is of concern.
Another problem which often occurs in cry fundamental fre-
quency estimation is incorrect identification of sub-harmonics
of the fundamental frequency as duplication of the dominant
fundamental frequency, and consequently, incorrectly classi-
fying the segment as an hyperphonated segment. Vice versa,
under-estimation of hyperphonated fundamental frequency can
occur, which results in an incorrect classification of the cry
segment as a phonated segment.
In this paper, a modified simple inverse filtering tracking
(SIFT) algorithm [12] for infants’ cry fundamental frequency
estimation is proposed and investigated. The paper proceeds
as follows. Section II presents the modified SIFT algorithm.
Some typical results and performance evaluation appear in
Section III. A summary and conclusions appear in Section
IV.
II. THE MODIFIED SIFT ALGORITHM
Fig. 2 presents a block diagram of the SIFT-based algorithm.
The algorithm is performed as follows. In the first step,
blocking of the signal into overlapping frames is performed.
Since cry signals are non-stationary, short-term analysis must
be used in which the signal is divided into quasi-stationary
overlapping frames, and each frame is multiplied by a suitable
Hamming window. The frame length is pre-chosen in order
to ensure quasi-stationary of the framed signal on the one
hand, and on the other hand, to ensure that each frame will
include at least one period of the fundamental frequency, and
to decrease the amount of computations as much as possible.
The cry fundamental frequency is known to have a wide range
of possible values between 200Hz and 2500Hz. Consequently,
the appropriate practical range for frames duration should be
around 5-25 msec.
Next, glottal inverse filtering is performed. The purpose
of inverse filtering is to attenuate the influence of the vocal-
tract and to estimate the time excitation waveform. In order
to ensure complete pre-whitening of the inverse filtering
procedure, a proper choice of filter order according to the
maximum number of formants possible in the given frequency
range is necessary. Since typical values for the first three
formants of cry signals are around 1kHz,3kHz and 4.5kHz
[7], a reasonable choice for the filter order would be M = 4,
according to which either zero, one or two resonances can be
accurately represented.
Then, estimation of the autocorrelation sequence of the
signal is performed. Considering a sampling frequency of
16kHz, in order to achieve good time resolution, 256 points
are required (16 milliseconds) which correspond to more than
3 pitch periods.
The next step is multiplying the autocorrelation by a trape-
zoid window in the frequency range defined by fi, i ∈ [1, 4],
in order to restrict the search to a reasonable cry fundamental
frequencies range. Some typical examples are presented in fig.
3. The fundamental frequency is then estimated using:
T0 =
1
F0
= argmaxη {ri(η)} , (1)
where ri(η) is the autocorrelation sequence multiplied by the
trapezoid. With the result, peak picking is performed in order
to search for a candidate F0, and a decision algorithm is
applied in which the peak value is compared to a voiced
threshold of 0.4. A peak which exceeds the threshold value of
0.4, or a borderline peak (between 0.3 and 0.4) with “voiced
history” (last two frames are voiced) is defined as voiced.
A peak which does not exceed the threshold value but has
“voiced neighbours” (its preceding and its following segments
are voiced) is also defined as voiced.
The last step is smoothing of the resulting fundamental
frequency contour. This is performed using a 4th-order median
filter in order to depress abrupt changes in the fundamental
frequency contour and to obtain a smoothed contour. Then, in
order to eliminate over-estimation and under-estimation errors,
an additional smoothing algorithm is employed in which fun-
damental frequency values close to a constant multiplication
of the dominant fundamental frequency value are corrected
according to the dominant fundamental frequency as they are
assumed to be estimation errors and are therefore corrected
according to the dominant fundamental frequency value.
Considering the algorithm accuracy, the resulting time res-
olution is δ = 1
Fs
= 0.0625sec for Fs =16kHz. If the true
fundamental frequency is 250Hz, the maximum quantization
error would be approximately T
2P 2
= 1.95Hz, where T = 1
Fs
.
It should be noted that for the common application of cry
classification, the exact value of the fundamental frequency
is not of great interest, but rather the fundamental frequency
contour (“pitch contour”). Thus interpolation, which is usually
performed in the standard SIFT, is unnecessary here.
III. RESULTS
Fig. 3 presents some typical results obtained using the
modified SIFT. The cry segments in the examples shown in
this figure were taken from one healthy infant. Note that
for the unvoiced segment, the values of the autocorrelation
sequence are much lower than the threshold 0.4, and indeed
no fundamental frequency is estimated and the segment is
classified as unvoiced. In cases (b) and (c), a regular phonated
segment is presented in which the fundamental frequency
is estimated as 380Hz and 383Hz, respectively. In case (d)
which shows a hyperphonated cry segment, the fundamental
frequency is much higher than in the previous cases.
Fig. 4 shows typical segments of cries for three medical
states: healthy (left), cri-du-chat (middle) and hydrocephalus
(right). The first line, marked as (a), shows time domain plots
of the signals. The second line (b) shows spectrograms of
the signals from which the fundamental frequency can be
visually estimated. The spectrograms were estimated using
20msec frames of the signals, with 10msec overlap and an
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Fig. 2. Block diagram of the modified SIFT.
Fig. 3. Examples for the inverse filtering output autocorrelation signal
and the estimated fundamental frequency. The following cases are presented:
(a) Unvoiced segment; (b) Phonated voiced segment; (c) Phonated voiced
segment; (d) Hyperphonated segment.
Hamming window. The third line (c) presents the fundamental
frequency contours obtained using the modified SIFT. The
figure demonstrates that there are major differences in the
time and frequency domains among the three medical states.
The results indicate that the fundamental frequency in the two
pathological states (cri-du-chat syndrome and hydrocephalus)
is higher on the average than that of the healthy infant. This
is in agreement with previous studies, in which the average
fundamental frequency of infants with cri-du-chat was found
to be 860Hz [6] [13], and the average fundamental frequency
of infants with hydrocephalus was approximately 620Hz, with
minimum and maximum values of 430Hz and 750Hz, re-
spectively [13]. Some fundamental frequency over-estimation
errors occurred especially in the two pathological cases where
rapid variations of the fundamental frequency contour exist.
These errors were easily corrected by the smoothing algorithm,
yielding flat or almost flat fundamental frequency contours, in
accordance with the spectrogram.
Fig. 4. Typical segments of cries for three medical states. Left: healthy;
Middle: cri-du-chat; Right: hydrocephalus. (a) Time domain plots (b) Spec-
trograms (c) Fundamental frequency contour.
Fig. 5 shows some typical results for the case of infants born
with cleft palate. The left column represents the time-domain
waveform, the spectrogram and the fundamental frequency
contour, for infants without a palatal plate, while the right
column represents the corresponding signals for the same
4infant with a palatal plate (see details in [14]).
Fig. 5. Typical segments of cries of an infant with cleft palate. Left: infant
without a palatal plate; Right: infant with a palatal plate. (a) Time domain
plots (b) Spectrograms (c) Fundamental frequency contour.
Differences between the two medical states in the time
domain graphs can be easily noticed, whereas in the spec-
trograms, as well as in the fundamental frequency contours,
no significant difference exists. The average fundamental
frequency in both cases is around 450-500Hz, only slightly
more than for healthy infant (shown in Fig. 4). This is also
in accordance with previous reports on infants with cleft
palate, which did not show any major differences between
the fundamental frequency of infants with cleft palate and the
fundamental frequency of healthy infants.
It should be noted that the smoothing algorithm plays
an important role here since in some of the segments the
SIFT algorithm tends to incorrectly estimate the fundamental
frequency, in particular when abrupt changes of the funda-
mental frequency occur. Fig. 3 and 5 also show that the cries
are almost entirely voiced (estimated fundamental frequency
greater than zero). This observation is in accordance with
previous results reported by Cohen and Zmora [15].
In order to evaluate the fundamental frequency estimation
accuracy with the modified SIFT algorithm, the estimated fun-
damental frequency was compared to the “real” fundamental
frequency estimated by visual inspection of the signals in the
time domain. The error between the two values was calcu-
lated as a percentage of the visually-estimated fundamental
frequency, as follows:
ǫ =
1
J
∑
j
100
|f˜j − fj |
fj
(2)
where f˜i represents the estimated fundamental frequency and
fj represents the “real” fundamental frequency, for the jth
frame. The error was calculated separately for hyperphonated
segments (fj ≥ 700Hz) and phonated segments (250Hz ≤
fj ≤700Hz). Table I presents the averaged errors, calculated
over 100 frames for each segment type.
TABLE I
FUNDAMENTAL FREQUENCY ESTIMATION ERROR
Segment type Error rate(%)
Hyperphonated 6.15
Phonated 3.75
Both errors are relatively low. Furthermore, as expected, the
average error is higher in the case of hyperphonated segments
due to widening of the harmonic structure in those segments.
IV. CONCLUSIONS
In this paper, a modified SIFT algorithm for cry fundamental
frequency estimation is presented and investigated using real
data. It is shown via some typical examples of pathological
and healthy cry signals that the modified SIFT may be used to
reliably estimate the fundamental frequency, overcoming the
problem of under-estimation and over-estimation. The perfor-
mance of the algorithm is evaluated comparing to visually-
estimated fundamental frequency, and is shown to yield an
estimation error of around 3.75% and 6.10%, for phonated
and hyperphonated cry segments, respecively. The modified
SIFT algorithm is an efficient and simple method to estimate
the fundamental frequency of infants’ cry and to perform
voiced/unvoiced segmentation.
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